I. INTRODUCTION
The insulation systems of power system equipment are subject to different kinds of stresses during their service life and thus suffer degradation and deterioration. These can lead to a reduction in life, which in turn can lower the reliability of electrical power systems. Therefore, a lot of research effort, activities and publications are directed towards a better understanding of degradation phenomena [1] [2] , the creation of tools for insulation diagnosis [3] [4] and the establishment of remaining life estimation techniques [5] [6] .
Electrical treeing is one of the main reasons for long term degradation of polymeric materials used in high voltage AC applications. Research has shown that there is a significant relationship between partial discharge (PD) phenomena and the morphology of an electrical tree [2] [3] . This study aims to predict the lifetime of solid insulation by experimentally inducing electrical treeing in samples of epoxy resin. Indicators of ageing are features of the PD plot that correspond to electrical tree growth, and can therefore be used to identify the stage of growth and predict remaining life.
In this paper, the pulse sequence analysis (PSA) technique has been applied and shows distinctive features which change with the tree evolution. The basis of pulse sequence analysis is that strong correlations exist between consecutive discharge pulses due to the influence of local space charge on the ignition of the following discharge pulse [3] . Thus, the governing parameters for the discharges are the local electric fields and their changes, which are reflected in the change in voltage due to the excitation waveform. As a result, this paper will focus on changes to external voltage between pulses.
II. EXPERIMENTAL METHODOLOGY
In this study, the same electrical treeing samples were used as in [7] . Detailed descriptions of the experimental plan and sample preparation have been outlined in [7] and [8] respectively. Seven different harmonic-influenced test waveforms including the fundamental were utilized, with six point-plane epoxy resin samples exposed to each waveform, giving a total of 42 sets of tree data. The properties of the waveforms are indicated by total harmonic distortion (THD) and waveshape factor (K s ), as described in Table 1 . The phase difference between the harmonic frequencies and the fundamental is zero for all test waveforms.
During the experiment, a branch-type tree was initiated with an 18.0 kV peak, 50 Hz waveform until the tree reached about 10 μm in length. At this stage, the composite waveform was maintained at 14.4 kV peak for a maximum of 2.5 hours, while PD data consisting of phase and discharge magnitude was recorded continuously in 5 minute batches. Out of the 42, only 31 samples reached breakdown within 2.5 hours [7] . Of these, 25 samples were used in this study, due to insufficient PD data from the remaining six. 18 tree samples were utilized for model training, with the remaining seven used for model validation as shown in Table 1 . 
III. PULSE SEQUENCE ANALYSIS (PSA)
In pulse sequence analysis (PSA), the change of external voltage, ΔU, between consecutive PD pulses is considered a key parameter, since it relates to the increase in local electric field that triggers the next partial discharge [3] . In order to determine ΔU, first the instantaneous voltage, u(t), of every PD pulse is calculated using phase position, θ, and one of equations (1) to (7) for test waveforms 1, 7, 8, 9, 11, 12 and 13 in Table 1 
The changing pattern of ΔU can be seen clearly from the u(t) plots in Fig. 1 showing three voltage cycles of test waveform 7. As the tree approaches breakdown, the number of PD pulses per cycle increases, thus yielding a decreasing value for ΔU. Throughout the treeing process, the range of phase positions where PD occurs increases, and pulses form two dominant clusters in the plots, labeled A and B. Cluster A expands from 1 st quadrant only in Fig. 1a to 1 st quadrant and half of the 4 th quadrant in Fig. 1b . As for Cluster B, the pulses expand from the 3 rd quadrant only to half of the 2 nd quadrant. Interestingly, PD stops occurring after reaching the peak voltage, where ΔU changes from positive to negative or vice versa. Other test waveforms also show the decreasing pattern of ΔU as the tree grows, but with slightly different behavior because the excitation waveform is non-sinusoidal. Referring to Fig. 2 , it can be seen that the polarity change in ΔU occurs more frequently for a sample tested with waveform 1 (which is non-sinusoidal), giving more points of non-activity in the plot (six points compared to two for waveform 7). However, the general trend of ΔU decreasing towards breakdown remains.
IV. AGEING INDICATOR
As mentioned in Section II, the PD data is recorded in 5 minute batches. In order to represent the voltage change during a 5 minute batch, the root mean square (RMS) of the voltage change, ΔU RMS , is calculated using (9) . Fig. 3 shows an example of the ΔU RMS variation during the tree growth.
Despite the generally decreasing exponential pattern of ΔU RMS , the tree growth can be divided into three stages based on the changing pattern of the plot. Stage 1 in Fig. 3 
V. EFFECT OF NORMALIZATION ON ΔU RMS
The training data employed here is from 18 samples exposed to different composite waveforms. As mentioned in Section III, plots generated under different waveforms behave slightly differently in terms of voltage change between consecutive PD pulses. However, using the ΔU RMS as the ageing indicator removes the distinctive features of different test waveforms since it is an average measure.
In order to normalize the ΔU RMS of all training data to a range between 0 and 1, equation (10) is used. Fig. 4 shows the exponential fitting of the normalized ΔU RMS displayed to enable comparison of (a) test waveforms, (b) THD and (c) K s .
Since the number of samples for each group might not be sufficient for robust comparison, groups with larger numbers of samples will be briefly compared. In Fig. 4a , Waves 11 and 13 have four samples each. It can be seen that variation in time to breakdown of samples under Wave 11 is greater than under Wave 13, perhaps because Wave 13 has lower values of THD and K s . However, when considering the 5% THD in Fig. 4b and K s of 1.6 in Fig. 4c (which have 8 and 6 samples respectively), both show a large variation. VI. PROGNOSTIC MODELLING In this paper a simple modeling approach is considered with the aim of predicting the ΔU RMS value during breakdown (t = 0). The first step is to get an average model from all the training samples in Fig. 4a . Since Stage 2 and 3 (in Fig. 3) show a linear distribution with slope nearly zero, a logrithmic scale is applied on the y axis for a greater range. Next, an average model is calculated giving the linear equation (11) with the value of log 10 ΔU RMS when breakdown occurred equal to -1.86 as shown in Fig. 5 . The significance of the sample name shown in Fig. 5 can be found in [8] .
Since the values of log 10 ΔU RMS at breakdown vary between samples, it is beneficial to calculate the uncertainty [9] , obtaining an upper and lower limit of the log 10 ΔU RMS during breakdown. In this study, standard deviation (sd) of log 10 ΔU RMS is calculated yielding the two new functions (12) and (13), with breakdown values shown in Fig. 5 . Finally, the breakdown value is summarized in (14). 
VII. MODEL VALIDATION
Seven samples with complete breakdown data were selected randomly from each test waveform in order to validate the model developed in Section VI. The breakdown time for every sample is in the range of 77 to 140 minutes. In this study, 3 subsets of the data were examined individually:
1. From 0 to 25 minutes 2. From 0 to 50 minutes 3. From 0 to 75 minutes
The reason for examining the data in three different windows was to measure the accuracy of the prognosis depending on the amount of available data. The validation process for each sample repeats the steps discussed in Sections III to VI as summarized below:
Step 1: Calculate the voltage change ΔU between consecutive PD pulses using equations (1) 
to (8).
Step 2: Calculate the RMS of voltage change, ΔU RMS , using (9) for every 5 minutes for the 25, 50 and 75 minute time windows.
Step 3: Calculate the normalized values of ΔU RMS .
Step 4: Apply the exponential fit to the normalized ΔU RMS .
Step 5: Convert the exponential plot from Step 4 to log-linear scale.
Step 6: Extrapolate the linear plot in Step 5 to determine the estimated breakdown time, t bd , and the bounds when log 10 ΔU RMS equals to -1.8622 ± 0.45 Fig. 6 illustrates Step 6 for a sample exposed to Wave 12 when only 25 minutes of data is available. The results of this analysis can be seen in Table 2 . The error, e, is calculated using (15). In general, all sample data showed the exponentially decreasing trend until 60 min growth, thus, the 50 min and 75 min subset data should give better estimated breakdown times than the 25 min subset. Most of the 25 min data gives a large error, especially sample T392-08-N, which gives a negative estimated breakdown time. Between the 50 and 75 min data, the 50 min subset gives the least error even although the 75 min window has more input data is available. One possible reason is that the 75 min subset may contain data from Stage 2 ( Fig. 3) , giving a mix of exponential and linear decrease, whereas the 50 min subset gives only exponential data. Among the 7 testing samples, sample T372-11-N has the largest error for the 50 and 75 min windows, because Stage 1 of the growth looks closer to a linear trend rather than an exponential one.
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(15) The aim of this work was to investigate prognostic modeling of breakdown due to electrical treeing in epoxy resin samples. The results show that it is possible to predict failure before the actual breakdown occurs, within 1 standard deviation of the training data at 50 and 75 min horizons. This suggests that the proposed framework can be used to model and trend failure of insulation due to electrical treeing, and that the change in external voltage is an appropriate parameter for prognostic prediction. Future work will consider ways of reducing prediction error, and test with different samples considering longer tree growth and different types of tree. 
